The aim of this paper is to test for stochastic monotonicity in intergenerational socio-economic mobility tables. In other words we question whether having a parent from a high socio-economic status is never worse than having one with a lower status. Using existing inferential procedures for testing unconditional stochastic monotonicity, we first test a set of 149 intergenerational mobility tables in 35 different countries and find that monotonicity cannot be rejected in hardly any table. We then propose new testing procedures for testing conditional stochastic monotonicity, and investigate how a number of covariates such as education, cognitive and non-cognitive skills can be used to investigate whether monotonicity still holds after conditioning on these variables. Based on the NCDS cohort data from the UK, our results provide evidence that monotonicity holds even conditionally. Moreover, we do not find large differences in our results when comparing social class and wage class mobility.
Introduction
The extent to which individuals inherit their socio-economic status in a society has important implications for policy debates on equal opportunities and social justice. Inspection of typical mobility tables and theoretical reasoning indicate that in most societies there is a general tendency for children from higher status parents to somehow fare "better" in social achievement than children from lower status parents. To substantiate this general idea, first, one needs to agree on the exact meaning of this statement, second, one has to devise a sort of testing procedure for verifying the hypothesis, and finally, one has to apply the testing procedure with real world data.
This paper develops a test of stochastic monotonicity in intergenerational socioeconomic mobility tables. We question whether having a parent from a high socioeconomic status is never worse than having one with a lower status, and whether this statement holds conditional on discrete and continuous covariates such as education and ability.
1 The first section of this paper will propose a precise definition of the idea that a child is better off by having a parent with a higher social status, based on the theory of monotone Markov chains. We then employ a rich data set on intergenerational social mobility, which has been made available in Ganzeboom, Luijkx, and Treiman (1989) , to test the monotonicity assumption using the stochastic dominance testing procedure of Dardanoni and Forcina (1998) . This large data set contains 149 mobility tables combining information from 35 different countries and different years. It is a very comprehensive data set for comparative mobility analysis, and it has the distinctive advantage of employing a consistent and well defined definition of social status. Perhaps not surprisingly, we find that for most societies the monotonicity assumption cannot be rejected.
In the second part of the paper, we consider testing for stochastic monotonicity conditional on some appropriate set of covariates z. Starting with Becker and Tomes (1979) , researchers have proposed economic models of intergenerational mobility. It is by now widely accepted that parental transmission of skills, beliefs, motivation and social connections are all important in explaining the strong dependence between father and son social status. It is therefore natural to test whether the positive dependence between father's and son's status is still present after conditioning for some of these characteristics. On a similar line of thought, some researchers have turned their attention to the concept of equality of opportunity (EoP).
2 Dardanoni, Fields, Roemer, and Puerta (2006) for example, following the seminal contribution of Putterman, Roemer, and Silvestre (1998) and Roemer (2000) , describe EoP by distinguishing between circumstances and effort. Circumstances are aspects of the environment affecting the socio-economic status and for which society does not wish to hold individuals responsible. Effort is the set of actions affecting the status for which individuals are responsible. EoP implies that differences in status are ethically acceptable if they are due to differential effort but not if they are due to differential circumstances. This requires independence conditional on those covariates z that we consider effort. The main theoretical challenge is then to devise statistical inference procedures to test for stochastic monotonicity conditional on observed covariates. To this purpose, we extend the Dardanoni and Forcina (1998) test for stochastic monotonicity by allowing for conditioning on covariates. Technically, our approach employs recent advances in marginal modeling (see e.g. Bergsma and Rudas (2002) and Bartolucci, Colombi, and Forcina (2007) ), along the lines of Bartolucci, Forcina, and Dardanoni (2001) , who consider (unconditional) testing for a notion of positive dependence (positive quadrant dependence) which is weaker than the monotonicity assumption analyzed in this paper.
The importance of stochastic monotonicity in economics is highlighted in a recent paper by Lee, Linton, and Whang (2008) , who propose a new test of stochastic monotonicity of a given continuous random variable Y with respect to another continuous random variable X. They then consider stochastic monotonicity in intergenerational income mobility as a relevant field of application of their procedure by using the Panel Study of Income Dynamics (PSID). Our approach can be considered complementary to theirs, since in order to apply our approach to continuous X and Y some grouping is required; on the other hand, our approach can be applied to discrete ordered data without the need to replace categories with arbitrary scores. In addition, our approach allows, under some parametric restrictions, to condition on continuous and discrete covariates, while the approach taken by Lee, Linton, and Whang (2008) allows conditioning on covariates only when these are discrete and take only few values.
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We apply our methodology using the National Child Development Survey (NCDS), a UK data set, which follows a cohort born in 1958 over its lifetime. Information on social class and wages is available both for the cohort members and their parents. The data also provide information on the educational attainment, cognitive and non-cognitive skills of the cohort members. Given the amount of characteristics observable to the researcher, the data are particulary fit to test for conditional dependence. Our results indicate that even though our control variables explain part of the intergenerational mobility mechanism, stochastic monotonicity in this sample holds both unconditionally and conditionally.
Monotone transition matrices
Let X and Y denote, respectively, father's and son's lifetime socio-economic status, and assume they take k possible values, which correspond to the k socio-economic classes that are ordered from best to worst. Consider then a standard discrete Markov chain of intergenerational social mobility: if the unit of observation is a family of father and child, the chain can be described by the equation p y = p x P , where P denotes the (k × k) transition matrix, with typical element P ij = Pr(son in j | f ather in i) ≥ 0, and p x , p y denote respectively the marginal distributions of father's and son's social status. The typical row i of an intergenerational transition matrix indicates the probability distribution faced by a son whose father belongs to social class i. As argued above, it is natural to expect that when social states are ordered, sons whose fathers are in a higher social class are somewhat at an advantage with respect to the sons whose fathers are in a lower class. In a stochastic setting, this translates into the assumption that the "lottery" faced by the son of a father in class i is better than the "lottery" faced by the son of a father in class i + 1. A natural definition of a "better lottery" in this context is given by the stochastic dominance ordering : given two (k × 1) probability vectors q 1 and q 2 , we say that q 1 q 2 if q 11 + q 12 + · · · + q 1l ≥ q 21 + q 22 + · · · + q 2l for all l = 1, 2, · · · , k − 1.
The stochastic dominance ordering gives a precise definition to the intuitive notion of differential advantage. Let s denote a real valued (k × 1) vector of "social status scores", where the typical element s l reflects a quantitative measure of the value of social class l, and let p i (a row vector) denote the ith row of P . An equivalent characterization of the stochastic dominance ordering is obtained in terms of expected social status: p i s ≥ p j s (here and hereafter, when an inequality symbol involves vectors and matrices, we mean that the inequality is satisfied elementwise) for any increasing vectors s if and only if p i p j . 4 The intuitive notion of background advantage is captured in the discrete Markov chain by the so called 'monotonicity' assumption. The transition matrix of a discrete Markov chain with ordered states is called monotone (see Keilson and Kester (1977) , Conlisk (1990) , Dardanoni (1993) and Dardanoni (1995) for applications) if each row stochastically dominates the row below it, p 1 p 2 · · · p k . Notice that under the assumption of a constant transition matrix, this relationship also holds for the grandfather, grand-grandfather and so on, since if P is monotone, so is P t for t = 1, 2, · · · . A key monotone transition matrix is the so-called "equal opportunities" transition matrix (see e.g. Prais (1955) ), where at time t each son faces an identical probability distribution regardless of his father's background. Given the transition equation, the equal opportunities mobility matrix is equal to 1p y , so that the stochastic dominance constraint is satisfied as an equality. This particular monotone mobility matrix will play an important role in the hypothesis testing of the monotonicity assumption.
Testing unconditional monotonicity in 149 mobility tables
There is now an extensive statistical literature (see e.g. Robertson, Wright, and Dykstra (1988) and Silvapulle and Sen (2005) ), on estimation and hypothesis testing in problems involving stochastic orderings. In particular, Robertson and Wright (1982) derive testing procedures based on maximum likelihood estimates of two stochastically ordered distributions, and Dykstra, Kochar, and Robertson (1991) obtain the maximum likelihood estimates of several multinomial distributions under uniform stochastic ordering, which is stronger than stochastic dominance. Dardanoni and Forcina (1998) extend these results and propose a nonparametric test for stochastic dominance which can be used to test monotonicity of the Markov chain of intergenerational mobility. In particular, Theorem 2 in their paper gives conservative bounds to the distribution of the likelihood ratio test statistic for testing monotonicity against an unrestricted alternative. We perform Dardanoni and Forcina's procedure on a sample of cross-classification tables presented in Ganzeboom, Luijkx, and Treiman (1989) . This data set, which contains 149 intergenerational class mobility tables from 35 countries, is one of the most comprehensive and well structured data set on intergenerational social mobility to date. Ganzeboom, Luijks and Treiman present the cross-classification of father's occupation by son's current occupation for representative national samples of men aged 21-64, with the characteristic that the tables conform to a well specified six category scheme. The six social classes, in descending order of socio-economic status, are the following: 1) Large proprietors, higher and lower professionals and managers; 2) Routine non-manual workers; 3) Small proprietors with and without employees; 4) Lower grade technicians, manual supervisors and skilled manual workers; 5) Unskilled and semiskilled manual workers; 6) Self employed farmers and (unskilled) agricultural workers. The use of a common and well structured classification of social classes results in a substantial degree of comparability among the different tables.
Maximum likelihood estimation of each mobility matrix subject to the monotonicity constraint has been carried out by the iterative quadratic programming algorithm described by Dardanoni and Forcina (1998) . Convergence to the fifth decimal place of the likelihood function is usually obtained within the first three iterations. The value of the likelihood ratio test statistic is reported in table 11 in the appendix, along with the number of monotonicity constraints actually binding in the sample.
Following Dardanoni and Forcina (1998, Theorem 2) , the α critical values of the conservative unconditional chi-bar-squared test can be found by solving the equation
By numerical integration we obtain a value c = 22.78 at the 95% significance level, while it equals 28.61 at the 99% level. Comparing these significance levels with the value of the likelihood ratio test statistic, it emerges that out of 149 intergenerational class mobility tables, monotonicity is rejected at the 99% significance level only for the transition matrices of Hungary 1963 , Philippines 1968 , Poland 1972 and Spain 1975 In addition, the monotonicity hypothesis is rejected at the 95% level for Hungary 1973 and 1983 and India 1963c . Thus, it appears that monotonicity of the intergenerational transmission mechanism can generally be considered as an assumption supported by the real world.
Conditional Stochastic Monotonicity
A large number of studies have investigated the degree of intergenerational mobility. Irrespective of country, time period, measure of socio-economic status and measure of association, almost all studies have found that parent's and offspring's adult status are not independent, but exhibit some form of positive dependence. The previous section has confirmed this "fact of life", where positive dependence is precisely formulated in terms of stochastic dominance, and formal statistical inference procedures have been employed. Starting with Becker and Tomes (1979) researchers have proposed economic models of intergenerational mobility to uncover the mechanism behind the transmission of social status. Becker and Tomes (1986) , Solon (1999) , Mulligan (1999) , Han and Mulligan (2001) and Restuccia and Urrutia (2004) are all attempts in that direction. At a basic level, a simple model that assumes intergenerational transmission of ability and a human capital return to parental investment that is increasing in the child's ability can already generate a high degree of immobility. Adding imperfect capital markets to the model results in even less mobility. These models also show that the degree of mobility can be highly non-linear across the father and child's socio-economic distribution, whether socioeconomic status is measured by wage, consumption or education. On a more intuitive ground, Bowles and Gintis (2002) , Erikson and Goldthorpe (2002) and Blanden, Gregg, and Macmillan (2007) suggest that more than a simple transmission of ability might be in place. Other factors such as race, geographical location, wealth, risk aversion, discounting of the future, non-cognitive skills, but also height and beauty can be transmitted and generate the correlation in status. Not surprisingly most of these papers have also tried to empirically investigate the black box. However, none of these studies can explain more than 60% of the overall correlation. Bjorklund, Lindahl, and Plug (2006) use unique Swedish data with information on adopted children's biological and adoptive parents to estimate intergenerational mobility associations in earnings and education. They find that both pre-and post-birth factors contribute to intergenerational earnings and education transmission. The distinction between nature and nurture is particularly important if we are asked to judge meritocracy and equality of opportunity.
On a slightly different line of thought Dardanoni, Fields, Roemer, and Puerta (2006) discuss different notions of equality of opportunity based on the distinction between circumstances and effort: "Agreement is widespread that equality of opportunity holds in a society if the chances that individuals have to succeed depend only on their own efforts and not upon extraneous circumstances that may inhibit or expand those chances. What is contentious, however, is what constitutes effort and circumstances". In their paper they describe four channels through which parents affect status in an intergenerational context: social connections, the formation of social beliefs and skills, the transmission of native ability and the instillation of preferences and aspirations. Various notions of EoP depend on whether these channels are regarded as circumstances or effort. In other words, if we consider all those channels as circumstances out of an individual's control, than EoP implies perfect intergenerational mobility. This is perhaps the strongest definition of EoP where parent's and offspring's status must be independent. Less stringent notions of EoP allow for some of those channels to be influenced by the offsprings. In turn this requires independence conditional on those covariates z that we consider individual effort. z could include measures of preferences and aspirations, native ability, social beliefs and skills, and social connections.
Testing conditional monotonicity
Recall that X and Y denote, respectively, father's and son's social class, and let z be a vector of covariates which may affect the joint distribution and denote with π(z) the vector containing the joint distribution of X and Y conditional on z, with Y categories running faster. If z was discrete and a sufficient number of observations were available for each distinct configuration of z, Dardanoni and Forcina (1998) 's unconditional test procedure could be performed for each subpopulation. However these conditions are unlikely to be satisfied whenever the number of covariates is reasonably large and/or certain covariates assume a large number of distinct values. Therefore, a meaningful approach is to model the effect of covariates by a suitable link function and a regression model.
The link function that we propose is based on the mapping of the conditional distribution of X, Y | z into a set of row and column marginal parameters and (k − 1) 2 association parameters. Both the row and column marginal parameters are Global Logits (see e.g. Agresti (2002) ):
while the association parameters are Local-Global Log-Odds Ratios (see e.g. Agresti (2002)):
Douglas, Fienberg, Lee, Sampson, and Whitaker (1990) show that π(z) is monotone if and only if the set of (k − 1) 2 LG-log odds ratios are nonnegative. Global logits can be seen as the natural generalization of the standard binary logits when the variable is ordered; in fact, global logits can be interpreted as binary logits computed on successive splits of the ordinal response categories into "low" and "high" levels.
Collect now the corresponding parameters into the vectors ρ(z), ξ(z) and τ (z) (by letting the j index run faster than i), then let
this has dimension 2(k − 1) + (k − 1) 2 = k 2 − 1, which equals the number of free parameters in π(z). The results of Bartolucci, Colombi, and Forcina (2007) on marginal parameterizations may be applied to this context and imply that there exists a matrix of row contrasts C and a matrix M of zeros and ones such that, ∀z
and the mapping from π(z) to λ(z) is invertible and differentiable for all strictly positive π(z) (see their Theorem 1). Thus, the set of marginal and association parameters λ(z) is a one-to-one mapping of π(z) with no modeling restriction. However, as argued above, when z takes a large number of distinct configurations, to gather information from such sparse data, the different λ(z) may be constrained to satisfy a linear model
( 1) where the design matrix Z and the model parameters ψ are derived by stacking the following system of linear equations
where z X , z Y and z XY denote respectively the subset of observed covariates z which are supposed to affect the marginal distribution of X and Y and their dependence structure.
Hypotheses of interest
A convenient feature of the parametrization defined above is that the hypothesis of stochastic monotonicity conditionally on relevant covariates can be expressed in the form of linear inequality constraints on the appropriate sub-vector of the ψ. In particular, the hypothesis of stochastic monotonicity can be written as
If we rewrite the set H 1 compactly in terms of the model parameters as {ψ : Dψ ≥ 0}, notice that in typical applications the matrix D may have many more rows than columns and thus many inequalities are likely to be redundant. For example, in the application discussed below,there are more than 4000 inequalities with only 64 variables. There are algorithms, like the Fourier-Motzkin (see e.g. Schrijver (1986) ) that could be used to spot and remove redundant inequalities; however, in our experience, redundant constraints do not slow significantly down the estimation algorithm anyway.
On the other hand, the hypothesis of equality of opportunities can be written as
which can be equivalently rewritten in the standard form as
Finally, by H 2 we will denote the unrestricted model.
Parameter estimates
Suppose now we have independent observations (X i , Y i , z i ) for a sample of n units. Let t(z i ) be a vector of size k 2 obtained by stacking one above the others the rows of a table having 1 in the cell X i , Y j and 0 elsewhere. To simplify notations, in the sequel we write t(i) instead of t(z i ); a similar convention will be adopted for any vector which depends on z i . Under independent sampling, conditionally on z i , t(i) has a multinomial distribution with vector of probabilities π(i). An algorithm for maximizing the multinomial log likelihood
is described by Colombi and Forcina (2001) and Dardanoni and Forcina (2008) , and is based on an extension of an algorithm due to Aitchison and Silvey (1958) . Essentially, at each step the algorithm does the following, until convergence:
• compute a quadratic approximation of the log likelihood in terms of the canonical (log-linear) parameters;
• compute a linear approximation of the canonical parameters in terms of ψ,
• solve a weighted least square problem.
When inequality constraints are present, the weighted least square problem to be solved at each step requires a quadratic optimization which is itself iterative: there are many algorithms for quadratic optimization under inequality constraints, which are usually very fast and reliable.
Hypotheses testing
In the following let ψ 2 denote the unrestricted maximum likelihood estimate (MLE) of ψ, ψ 1 be the MLE of ψ under the stochastic monotonicity hypothesis H 1 and ψ 0 be the MLE of ψ under the equality of opportunity hypothesis H 0 . Let F (ψ) denote the expected information matrix with respect to ψ. From standard asymptotic results it follows that, if as n increases, F (ψ)/n is of full rank, ψ 2 has an asymptotic normal distribution N (ψ, F (ψ) −1 ). Therefore, hypotheses on single elements of ψ may be tested by comparing the estimate with the corresponding standard error. Joint testing may be based on the asymptotic distribution of the LR statistic. Recall the well known result that the LR for testing the unrestricted model against H 0
has asymptotic χ 2 r distribution where r is the sum of the dimensions of α XY and β XY . When inequalities are involved, the testing problem may be split into testing the unrestricted model H 2 against H 1 and testing H 1 against H 0 . The corresponding LR statistics may be written as
It is also useful to recall the following:
Definition 1 Let b ∼ N (0, V ) be a k-dimensional normal random vector, and let C be a polyhedral cone in R k . The squared norm of the projection of b onto C is a chi-bar-squared random variableχ 2 (C, V )
and has distribution function:
where F χ (x, i) denotes the distribution function of a chi-square with i d.f. and w i (C, V ) is the probability that the projection of b onto C belongs to a face of dimension i.
We recall the following, which can be derived e.g. from Shapiro (1985) or Dardanoni and Forcina (1999) :
Proposition 1 Under the assumption that the true value ψ o belongs to the interior of H 0 , the asymptotic distributions of T 01 and T 12 are:
where H o 1 is its dual of H 1 in the metric determined by the information matrix at ψ o .
Asymptotic critical values for these statistics depend on the probability weights w i (H 1 , F −1 (ψ o )). Unfortunately, except in very small problems, no closed form expression is available for the computation of these weights. However, reliable estimates may be obtained by Monte Carlo simulations as described by Dardanoni and Forcina (1998) .
It is worth recalling briefly the idea upon which the estimation of the probability weights is based. Letb denote the projection of b ∼ N (0, V ) onto H 1 , D(b) be the subset of rows of D such that D(b)b = 0, and Z(b) the orthogonal complement of
) is the probability that Z(b) has rank g. Clearly, only non redundant rows can appear in D(b) and thus the presence of possibly redundant inequalities has no effect on the estimation of weights.
Since H 1 is a composite hypothesis, one should search for the value of ψ ∈ H 1 which gives the least favorable asymptotic null distribution for T 12 and, as Wolak (1991) has shown, this value does not necessarily belongs to H 0 . Dardanoni and Forcina (1998) discuss some practical solutions to this problem. Finally, notice that the joint distribution of T 01 and T 12 can also be derived (see Dardanoni and Forcina (1999) for details), where use of this joint distribution for hypotheses testing is also compared with alternative testing procedures.
Conditional monotonicity in the NCDS data set
In order to test for conditional monotonicity we use the National Child Development Study (NCDS), an ongoing survey that originally targeted over 17,000 babies born in Britain in the week 3-9 March 1958. Surviving members of this birth cohort have been surveyed on seven further occasions in order to monitor their changing health, education, social and economic circumstances: in 1965 (age 7), 1969 (age 11), 1974 (age 16), 1981 (age 23), 1991 (age 33), 1999 (age 41) and 2004 (age 46). At the age of 7, 11 and 16 mathematics, reading and general skills tests were taken by the cohort member, while at the age of 7 and 11 information on non-cognitive skills was also collected.
From the age of 16 individuals could leave education and enter the labor market. For those who stayed, the surveys from 1981 onwards together with a 1978 school survey provide information on the qualifications attained. Data on wages and social class were gathered at age 23, 33, 41 and 46. To study intergenerational mobility we also need data on parental socio-economic status. The first 4 surveys (1958, 1965, 1969, 1974 ) contain data about parental background including age, education (1974), wage (1974) , social class of father (1965, 1969, 1974) and mother (1974) . These data sets therefore bring together information on socio-economic status for two consecutive generations. 
Choosing how to measure socio-economic status
To apply our stochastic monotonicity tests we first have to find suitable variables representing socio-economic status X and Y . Since true socio-economic status is not observed, intergenerational mobility scholars typically employ either wage (income) or social class in their analysis.
Economists often look at wages or income as the most important observed measure of socio-economic status. However both can be very sensitive to measurement error or temporary shocks such as short periods of unemployment, health shocks, or even short business cycles. In the standard linear model, using current wages rather than true lifetime socio-economic status can result in attenuation bias. Researchers try to solve this problem either by using average wage (income), whenever the data provide repeated observations, or by using an instrumental variable approach (see e.g. Zimmerman (1992) for a discussion on the effect measurement error on measured mobility in the linear regression model). Notice that the attenuation bias holds also in our discrete mobility tables setting (Carroll, Ruppert, Stefanski, and Crainiceanu (2006) contains a thorough discussion of measurement error in non linear models); see e.g. Neuhaus (1999) for an analysis in the logit model.
On the other hand, sociologists prefer to use social class as a measure of lifetime socioeconomic status (see for instance Erikson and Goldthorpe (2002) ). They argue that not only social class is less sensitive to temporary shocks but also that it includes immaterial aspects such as prestige and power. The main limitations of social class originate from its subjectivity, since it is the researcher, using a combination of labor market occupation, education and other factors, that imputes the social class of the individual, sometimes also in an ordered manner, from the more prestigious occupation downwards. The way occupations are coded into social classes can sometimes affect the results. Moreover, the prestige associated with a social class can be time varying, i.e. being in, lets say, the skilled manual category in the 1960's is very much different than being in this category today, and this is a relevant problem in the case of intergenerational mobility where we look at individuals born twenty to forty years apart. Finally, within a class there could clearly be a large degree of heterogeneity; a painter and a carpenter may both be defined as skilled manual workers, but of course the socio-economic status of, say, Picasso is very different from that of an unknown painter. Yet, some of these problems affect wages (income) too. A miner might earn even more than an Academic professor due to the risk associated to his job, yet not many professors would choose to become miners.
Choosing how to measure socio-economic status inevitably depends on the data available. In our data there is not enough information to construct a reliable measure of father's permanent wage since this is observable only at one point in time. To overcome this problem Dearden, Machin, and Reed (1997) regress current wage on non time-varying factors such as education and social class, and then use the predicted variable as a measure of permanent wage. However, while there is no guarantee that this procedure eliminates attenuation bias, it also leads to a mix of wage and social class mobility (because social class is used to predict wages) and it is not really suited to test for conditional mobility (because it directly uses education to predict wages). Moreover, as we show below, there are several individuals for whom wages are not available while we can observe social class. For these reasons, we consider social class a more reliable measure of lifetime socio-economic status than wages.
In this application we use the 1991 data on the cohort member socio-economic status coupled with the 1974 data on father's status. These are also the NCDS surveys used by Dearden, Machin, and Reed (1997) and Blanden, Gregg, and Macmillan (2007) in their studies on wage mobility. We first select all male cohort members for which we observe cognitive and non-cognitive skills at age 7, 11 and 16 (cognitive skills only), educational attainment and father's age. We then select those individual's for whom we observe both social class in 1991 and father's class in 1974.
6 Table 1 shows summary statistics for the social class measures. Social Class is a status variable grouping occupations into six broad categories, ordered on a skill basis.
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In the data, sons are more skilled than their parents were. The distribution of son's socio-economic status actually stochastically dominates the father's one. Values are in percentages. Numbers in brackets are cumulated percentages. Table 2 shows summary statistics for parent's and son's weekly net wages, son's highest educational qualification and father's age. The NCDS collected information on parental net wages only in 1974, with separate questions about father's and mother's wages and other sources of income. Note that in the original coding wage was grouped into 12 wage bands and we assign to each observation the median value of the observed band. Finally, in the data there are several individuals for whom father's social class are available but wages are not, while the opposite is quite rare. There are a number of explanations. Some individuals (or their fathers) are self-employed, and their wages are not reliable. For other individuals the wage is not available either because they were unemployed or because they chose not to report it.
Mobility Tables
In this section we present some unconditional transition matrices. We group social classes into three categories roughly corresponding to a high/medium/low skilled partition.
3 Professional+Intermediate 2 Skilled Non-Manual + Skilled Manual 6 We select males to make our results comparable to previous studies. 7 Social Class variables are derived according to the Registrar Classification (RG). This classification imputes social class using only information about occupation. This is a quite common and simple grouping methodology, even though some sociologists have proposed alternative ones. The Goldthorpe class schema for instance (see Erikson and Goldthorpe (2002) ) aims to capture qualitative differences in employment relations. Unfortunately, the classes distinguished by this schema are not consistently ordered according to some inherent hierarchical principle. Therefore the Goldhtorpe class schema does not suit our statistical model. Father and Son net wages are in January 2001 prices.
Semiskilled + Unskilled
There is no compelling reason to use three categories rather than two, four or any other number. Having more categories allows the researcher to have a better understanding of the heterogeneity across the joint distribution but at the same time it can make the identification of the parameters cumbersome. The larger the number of categories the lower the sample size within each cell. This problem only exacerbates when conditioning on other covariates. Table 3 shows the mobility tables using son's social class in 1991 and father's class in 1974. In the table we also include the chi-square statistic for independence, with the degrees of freedom in brackets. The chi-square statistic is very large leading to reject the hypothesis of independence. Table 4 shows the Local-Global Log-Odds Ratios in the unconditional table. The first two odds correspond to the first two rows of the mobility table. If both τ 11 and τ 12 are positive than the first row (low class) is stochastically dominated by the second one (medium class). The same reasoning applies to τ 21 and τ 22 (medium class is stochastically dominated by high class). All the odds in the table are positive. Yet the odds [τ 11 ,τ 12 ] are smaller than the [τ 21 ,τ 22 ] indicating stronger stochastic dominance toward the top of the joint distribution. 
Control Variables
As we explained in the section 5, our aim is to test for dependence conditional on some characteristics of the parents and offsprings. Since most economic models of intergenerational mobility assume that the transmission of the ability endowment across generations is one of the main reasons behind immobility (see Becker and Tomes (1979) or Grawe and Mulligan (2002) for instance) a starting point is to investigate monotonicity conditional on cognitive skills. However, as Becker and Tomes (1979) , Bowles and Gintis (2002) , Erikson and Goldthorpe (2002) and Dardanoni, Fields, Roemer, and Puerta (2006) suggest, cognitive ability is just one dimension of the endowment stock. Recently Heckman, Stixrud, and Urzua (2006) and Cunha and Heckman (2007) show that non-cognitive skills can also explain a diverse array of outcomes such as schooling choices, wages, employment and work experience. It is quite likely that non-cognitive skills are also transmitted across generations, if not genetically, because of parental behavior and education. Finally, the human capital models predicts that high-status parents invest more in their children. In turn this implies that these children have more human capital. Therefore we choose to test for monotonicity conditional on the educational attainment, cognitive and non-cognitive skills of the offspring (son). Since the fathers were of different ages at the moment of the survey, we also control for father's age. Given the education system faced by the 1958 cohort, its educational attainment is measured by 4 ordered categories corresponding to 'No Qualification', 'O Levels', 'A Levels' and 'Higher Education'. In the UK, schooling is compulsory up to the age of 16, when individuals can, at the end of the scholastic year, stay in education or enter the labor market. Those who stay on at age 16 enrol for the O Levels or CSE qualifications, which are taken immediately at the end of the scholastic year. These students are still aged 16 when they obtain the qualification. In the Autumn term of the same year, those who successfully obtained 5 or more O Levels/CSE can enrol for A Levels. These last 2 years, until individuals are aged 18. Passing 2 A-level constitutes the minimum level required for entry in Higher Education. Once the student has completed A Level, he can gain admission to the Universities, Polytechnic or Colleges of Higher Education where a first degree is obtained. The time needed to gain a degree varies by subject but in the majority of cases it takes 3 years.
To control for cognitive skills we use the mathematics and reading test scores. These tests were taken by the cohort members at the age of 7, 11 and 16. We use all these multiple age-skills observations but in order to reduce the control variables space, at each age we replace the original maths and reading scores with the principal component. In all cases the principal component explains no less than 90% of the total variance. In the case of non-cognitive skills things are a bit more complex. Both at age 7 and age 11 there are 12 scores for non-cognitive skills, such as depression, anxiety, hostility etc., as reported by teachers in schools. (No score is available at age 16.) In order to keep our problem computationally tractable, we do a factor analysis of the non-cognitive scores using the iterated principal factor method. Out of 12 scores, only two eigenvalues are larger than 1, with the third being sensibly smaller. Therefore, at each age point, we retain only two factors. In Table 5 we show the rotated loading factors. The first factor captures the skill to relate to other individuals, either adults or other children. The second factor captures emotional problems. There are no large differences between age 7 and 11. The final factors are obtained using the regression method. Finally, since father's age was recorded only in the original 1958 survey, we restrict our sample to those cohort members living with a biological father during their childhood. Table 6 presents results when we test for equality of opportunity (independence) as shown in section 5.1 (equation 3) and section 5.3 (equation 5). To begin with we do not condition on any covariates, and test for equality of opportunity by restricting the odds to be zero. This is done by setting the constant terms α XY equal to zero. Since we are ultimately interested in stochastic dominance, that is whether one row "dominates" the other, we first impose the restrictions by looking at pairs of rows. Therefore, we first impose [τ 11 , τ 12 ] = 0 (R 12 ) and then [τ 21 , τ 22 ] = 0 (R 23 ) . We then impose the restriction on all rows simultaneously: τ = 0 (AR). The numbers in the table are the p-values (likelihoodratios in brackets) from a standard chi-square distribution. The numbers in bold indicate the number of restrictions. In the unconditional case there are only the constant terms to restrict. All the p-values are equal to zero at the fourth decimal digit. Next, we test independence conditional on our set of covariates: cognitive skills (measured at age 7, 11 and 16), non-cognitive skills (measured at age 7 and 11) up to the third principal component, educational attainment (at age 23) and father's age. There are 13 variables in total. Table 12 in the Appendix presents the estimated coefficients and standard errors for the unrestricted model.
Equality of Opportunity
We model the four odds ratios (τ ) and two marginal parameters for the son (ξ) as a function of the full set of covariates. On the other hand we model the two marginal parameters for the father (ρ) as a function of father's age only, that is we rule out that father's class can be a function of son's education, cognitive and non-cognitive skills. Note also that since all the covariates are centered, the constant terms have a direct interpretation. They measure the Local-Global Log-Odds Ratios for the individual with average covariates. For ξ, education and cognitive skills coefficients have the expected positive sign, meaning that those sons with better education and cognitive skills are more likely to have a higher status. None of the non-cognitive skills factors is statistically significant on its own. When interpreting the coefficients for the four odds ratios (τ ), one has to remember that a larger τ indicates less mobility. For instance, the Higher Education coefficient is positive and statistically significant for τ 11 and τ 12 . Intuitively, this result suggests that those individuals with Higher Education in the medium class were very unlikely to have a father in low class, and at the same time those individuals with Higher Education in the low class were unlikely to have a father in medium class.
In last two columns of Table 6 we present the conditional p-values. To test for independence we impose 12 restrictions given by 1 constant term + 11 coefficients (one for each covariate) for each LG log-odds ratio. Thus the total number of restrictions equal 12 times the number of odds. Once we condition on this rich set of covariates the p-values become larger. At a 1% significance level independence is no longer rejected in the first row. This result confirms that our set of covariates do explain part of the mobility mechanism.
Conditional stochastic monotonicity
We now formally test our mobility tables for equality of opportunity against stochastic monotonicity, as explained in section 5.3, equation (6). To test the null hypothesis we need to compute theχ 2 distribution function. Being one-directional, this test is more powerful than the previous one where the null hypothesis of equality of opportunity (independence) is tested against the unrestricted model. Table 7 column (EoP vs SM) shows the computed p-values obtained under the null hypothesis of equality of opportunity against stochastic monotonicity conditional on our rich set of control variables. As expected, since this test is more powerful, all the conditional p-values are now smaller than in table 6. We now reject independence even at a 1% significance level.
Since this results suggests that independence is rejected even conditionally on a rich set of controls, we now test whether our data give evidence of conditional stochastic monotonicity. In column (SM vs Unr) we display the p-values obtained under the null hypothesis of stochastic monotonicity against the unrestricted model as shown in section 5.3, equation (7). The p-values are all very high meaning that there is strong evidence of stochastic monotonicity, or in other words very few Local-Global Log-Odds Ratios are negative in the sub-tables when conditioning on z. 
Wage Mobility
For completeness, in this section we replicate the analysis using the wage mobility table illustrated in table 8. As we discussed above, the sample size is much smaller. As in the case of social class, we group the individuals into three categories based on their wage percentile. Unfortunately, given that the original father's wage variable was coded into 12 bands, it is not possible to exactly partition it in three terciles. The chi-square statistic is smaller than for social class (table 3) though we still reject independence. In table 9 we test for equality of opportunity both unconditional and conditional on our rich set of control variables. In the Appendix, table 13, we show the estimated coefficients and standard errors for the unrestricted model. Anew, the p-values become larger once we condition on z. Note however, that for R 12 we can not reject unconditional independence. Overall the p-values are larger than in the case of social class. From a comparison of tables 12 and 13 we also notice that three out of four Local-Global Log-Odds Ratios constant terms (the odds for the average individual) are larger when using social class. This difference between wage and social class might be due to measurement error or temporary shocks affecting wages more than social class. However, we can not rule out that sample selection might also be driving this difference. In table 10 we show the p-values obtained while testing for stochastic monotonicity. As for social class, when testing EoP against stochastic monotonicity, column (EoP vs SM), all the conditional p-values are now smaller than in table 9, though we still can not reject independence in the first row (R 12 ). Column (SM vs Unr) provide again evidence of conditional stochastic monotonicity. 
Conclusions
The aim of this paper was to test for stochastic monotonicity in intergenerational socioeconomic mobility tables. To do so we apply and extend the methodology discussed in Dardanoni and Forcina (1998) and Bartolucci, Forcina, and Dardanoni (2001) . We first test for unconditional stochastic monotonicity using a set of 149 intergenerational mobility tables in 35 different countries, where it emerges that monotonicity cannot be rejected in hardly any table.
We then explain how a number of controls such as education, cognitive and noncognitive skills can be used to investigate whether monotonicity still holds after conditioning on these factors. In the economic literature, no previous work on intergenerational mobility tables has dealt with continuous controls. Since current research on mobility is focussing on the determinants dependence in socio-economic status between parents and offspring, conditioning on discrete and continuous covariates is increasingly important.
To apply our test of conditional monotonicity we use the NCDS, a UK cohort data with information on the socio-economic status of the cohort members and their parents, individual's educational qualifications, cognitive and non-cognitive skills. Our tests show evidence of stochastic monotonicity both unconditionally and conditionally. While it is not surprising that the unconditional joint distribution exhibits monotonicity, it is interesting to find that such a strong form of dependence subsists even conditional on educational achievement, cognitive and non-cognitive skills. This result reinforces the findings of Solon (1999) , Bowles and Gintis (2002) , Restuccia and Urrutia (2004) , Dardanoni, Fields, Roemer, and Puerta (2006) , Blanden, Gregg, and Macmillan (2007) indicating that part of the mechanism linking parent's and offspring's socio-economic status is still a black box. Finally, we observe only minor differences between social and wage class tables; if anything we find that there seems to be more dependence when using social rather than wage class. 
